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ABSTRACT
Summary: We describe MotifScorer, a program for systematic
genome-wide identification of transcription sites. The program uses a
compendium of gene expression microarrays and implements state-
of-art partial least squares (PLSs) based regression and stepwise
regressionprocedures.Candidatemotifs from theupstreamsequences
of groups of co-regulated genes are identified and assigned a score
using genomic background models and available motif finding tools.
The use of a large library of expression data allows statistical compara-
tive analysis of the specificity of motifs identified in different conditions.
Availability: MotifScorer, which is written in Java and Matlab, manual
and example files are available from the authors.
Contact: pl219@cam.ac.uk
1 INTRODUCTION
The identification of the repertoire of regulatory elements in a
genome is one of the major challenges in modern biology. Motifs
are short and degenerated DNA sequences embedded into large
regions of non-coding DNA, generally located upstream of a gene’s
transcription start site and, through the interaction with specific
transcription factors, they modulate the expression patterns of
the genes in a genome. Gene expression is usually measured on
a genome-wide scale using DNA microarrays, which provide a tool
for exploring the regulation of thousands of genes at once. The
analysis of expression data allows the identification of co-regulated
genes, likely controlled by common regulatory mechanisms. Our
work is motivated by the possibility of dissecting the entire regu-
latory network of the genome of an organism given its genome
sequence and a large library of expression datasets.
2 DESCRIPTION
MotifScorer is able to analyze a large number of genes, motif widths
and hundreds of experimental conditions. The program is written in
Java and regression procedures are written in Matlab. Figure 1a
describes the adopted strategy:
(1) Upstream sequences of co-regulated genes are automatically
retrieved using http or ftp connections, or local GenBank files.
(2) A motif finding algorithm is used to identify candidate motifs
from gene upstream sequences; motifs can be imported from
MDscan (Liu et al., 2002) and AlignACE (Roth et al., 1998).
A genome background model based on a 3rd order Markov
chain is computed with all automatically extracted intergenic
sequences of the genome corresponding to the identifiers
used as input. The length of intergenic sequences is user
defined, and the program is able to exclude regions overlapped
with coding sequences; RepeatMasker has also been imple-
mented. The background model is used to compute the score
of each motif.
(3) A score is assigned to the occurrences of each candidatemotif;
MotifScorer calculates the score of each upstream sequence
taking into account themotif’s positionweightmatrix (PWM),
the backgroundmodel and the number ofmotif occurrences for
each sequence. The main scoring function is similar to that in
Conlon et al. (2003) but others are implemented.Given amotif
m of lengthw, and occurrencesmi2Xw,g in upstream sequence
g; given the corresponding PWM, Mm :¼ (Pw,n)w · n, where
n 2 {A, C, G, T}, and background model MB, the scoring
function is:
Sm‚g ¼ log2
 X
mi2Xw‚ g
Pðmi jMmÞ
Pðmi jMBÞ

‚
where P(mi jMB) and P(mi jMm) are the probabilities of each
motif occurrence calculated on the motif’s PWM and the
background model, respectively; the sum applies over all
occurrences of motif m in sequence g.
(4) regressionmethods allow to select thosemotifs acting together
to affect the expressionofgenes from the scores and the expres-
sion levels. We have implemented different algorithms for
PLS regression, i.e.: PLS-nipals (Abdi, 2003), multilinear
PLS (Andersson and Bro, 2000, http://www.models.kvl.dk/
source/nwaytoolbox/) and robust PLS (Verboven and Hubert,
2005). The analysis outputs regression coefficients.
(5) Motifs identified by PLS or stepwise regression procedures
are compared to identify those motifs acting specifically in
different conditions.
The program can also output files containing digraph representa-
tions which are readable by open source network visualization
programs, such as Visone (www.visone.info). Using a compendium
of expression data MotifScorer can produce a motifs—conditions
digraph, while using single expression data a network describing the
relationships among genes, motifs, expression level and regression
results can be produced.
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Compendium of expression data may be composed by data
from nearby species such as Escherichia coli and Salmonella
typhimurium or Schizosaccharomyces japonicus and Schizosaccha-
romyces pombe [see for instance Gu (2004); Felsenstein (1988)].
3 EXAMPLE
MotifScorer has very flexible input format i.e. reads the output of
several motif finding programs, such as MDscan and AlignACE.
Currently available tools for regulatory motif identification, such as
REDUCE (Roven and Bussemaker, 2003) and MotifRegressor
(Conlon et al., 2003) are very specialized, therefore several resear-
chers suggest to use two or more algorithms (Tompa et al., 2005).
PLS regression has good performance with collinear and numerous
(comparable to observation number) predictors, while stepwise
regression is not suitable in these conditions (Andersson and
Bro, 2000; Abdi, 2003). We show in Figure 1b an example of
the pipeline implemented in MotifScorer, used in conjunction
with the motif finding program MDscan (Liu et al., 2002): we
downloaded the list of documented GCN4 regulated genes for a
total of 287 sequences and we retrieved all the corresponding
upstream sequences with MotifScorer. Upstream sequences were
used for multiple MDscan runs searching for the 10 top ranking
motifs of 515 nt; the outputs were used to calculate the score of
each upstream sequence using a 3rd order Markov model trained on
the full-intergenic set from the yeast genome. In the next step,
MotifScorer performed a robust PLS (RSIMPLS) using the entire
set of scores as a predictor matrix for expression levels at all the time
points from the amino acid and adenine starvation experiment of
Gasch et al. (2000) which has five time points. In Figure 1b we
report the regression coefficients of some of the motifs, and their
changes in different conditions. Most motifs found have a consensus
related to binding sites of transcription factors involved in amino-
acid and nitrogen metabolisms i.e. GCN4p, a leucine zipper trans-
criptional regulator known to promote the expression of amino acid
biosynthetic genes when their availability is limited. We found that
Fig. 1. (a) Schematic pipeline for motif searching using MotifScorer; see text for details; (b) Histogram showing the changes in PLS regression coefficients of
several motifs in a time-series. y-axis is the regression coefficient, x-axis is the time of amino acid starvation. Motifs are, from left to right (in parenthesis we
indicate the retrieved binding site using the consensus in SCPD (Zhu and Zhang, 1999); the number of asterisks indicates the number of mismatches):
TCACGTGCACATCA (that includes a MET4p/PHO4p binding site); TGACTC (GCN4p); ATGAGTC (GCN4p); GAGTCATTCCGA (BAS1p);
CACCGGTAGAGTCA (unknown); (c) Network graph of motifs—conditions: each motif (circles) is linked to condition(s) (diamonds) if its regression
coefficient is significantly different from zero.
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the importance of motifs related to the metabolism of aminoacids
decreases in the last time points, when cells experience a general
stress response, and slow down their biosynthetic activities to face
the adverse conditions.
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